Objectives. The aim of this research was to test the invariance of the cognitive variables in the Health and Retirement Study/Asset Health Dynamics Among the Oldest Old studies (HRS/AHEAD) across ethnicity, gender, and time.
U SE of scales of measurement requires that they measure the same thing in different people or in the same person assessed at different times or in different circumstances. For example, it makes no sense to say that Whites have stronger cognitive skills than Blacks (e.g., Jones, 2003; Moody-Ayers, Mehta, Lindquist, Sands, & Covinsky, 2005) if the cognition scale does not measure the same attribute in Black and White people. Measurement invariance is thus a fundamental requirement in both applied and scientific use of measurement instruments. Yet the question "Does this measurement instrument provide invariant measurements?" has been rarely asked in behavioral science research, and the measurement invariance hypothesis has been even more rarely tested in research. Most commonly, it has just been assumed that invariance holds. Effort has been expended to write items that are unambiguous and clear, and item analyses have been carried out to select the best items; from then on, it has been assumed that the items will have the same connotations and meanings for all people and therefore the scale is invariant in comparisons of people of different ages and classifications (as in Horn & McArdle, 1992) . But if this assumption of invariance is incorrect, then conclusions based on results obtained with the measurements are likely to be incorrect as well. Only rarely has the assumption been stated as an hypothesis and tested, with increasing attention being paid to this issue more recently (e.g., Bowden, Saklofske, & Weiss, 2011; Hertzog & Carter, 1982; SavageMcGlynn, 2012) .
Important as it is, invariance has been more often neglected in behavioral science research than it has been evaluated. Increasingly, it is becoming known that invariance may not hold, that it cannot simply be assumed, and that it is a hypothesis that can be tested. Recent published textbooks and journal articles on measurement and data analysis, in contrast to such older books and articles, contain methods for evaluating invariance (e.g., Bontempo, Grouzet, & Hofer, 2011; compare Mulaik, 1972 with McDonald, 1999 Mungas, Widaman, Reed, & Tomaszewski, 2011) , and advances in computer technology make invariance analyses something than can readily be done.
At least four kinds of invariance have been identified: configural, weak, strong, and strict (Meredith, 1993; Widaman & Reise, 1997) . The first two forms deal with observed covariances only. Configural invariance requires only that the same indicators load on the same factors across groups. Weak (or metric) invariance requires the factor loadings to be the same across groups. The last two forms deal with the observed means and covariances. Strong (or scalar) invariance requires the factor loadings and manifest variable intercepts to be invariant. Finally, strict factorial invariance requires that all the factor loadings, manifest variable intercepts, and manifest variable residuals be the same across groups (Meredith, 1993; Meredith & Teresi, 2006; Widaman & Reise, 1997) . Strict factorial invariance has been argued to be indicative of "true" measurement invariance (Wicherts & Dolan, 2010) .However, evidence of strong measurement invariance is all that is required to ensure meaningful comparisons in latent means across groups (Widaman & Reise, 1997) . If only weak invariance holds, then meaningful comparisons across groups can be made of the variances and covariances among latent variables but not of the latent means or observed means, covariances, and variances (Bontempo & Hofer, 2007; Gregorich, 2006; McArdle, 2010; McArdle, Smith, & Willis, 2011; Widaman & Reise, 1997) . If full invariance does not hold, then partial invariance can be used to determine whether higher forms of invariance might hold for some of the components in the measurement scale, if not all the components (Byrne, Shavelson, & Muthén, 1989) .
The question of measurement invariance should be considered in all research in which analyses are directed at showing that measured attributes (states and traits), and the relationships among such attributes are different for different classifications of people or for the same people measured under different circumstances (times and places). The question thus should be considered in almost all behavioral science research. The focus of the present research was on invariance in tests of human cognitive abilities in older adults.
Ideally, invariance should hold for each and every entity (individual) measured with a measurement device, and hypotheses of invariance can be tested for different classifications of people. Three major classifications for which it is possible that invariance in tests of cognitive abilities may not hold are ethnicity, gender, and time. Measures of cognition are combinations (usually linear) of responses to different stimuli (items) and the stimuli can mean different things to different people and to the same person under different circumstances. The items of cognitive ability tests may be interpreted differently by White compared with Black test takers, or men as compared with women, or the item meaning may change over time; tests composed of such items will not measure the same ability in the same way in these different samples.
In most use of cognitive tests at older ages, invariance across ethnicity, gender, and time has often been assumed (usually implicitly)-without test and sometimes without statement that an assumption is being made (e.g., Cagney & Lauderdale, 2002; Moody-Ayers et al., 2005; Zsembik & Peek, 2001) . Using data from the 1993 Asset Health Dynamics Among the Oldest Old (AHEAD) study, results by Moody-Ayers et al. (2005) suggested differences in cognitive functioning across Black and White groups, as well as differences in the effect of cognitive functioning on functional decline. However, invariance was not tested; based on these results alone, it is unclear why there are differences in cognitive functioning or why there are differential effects on outcome variables across racial groups. In a study by Sloan and Wang (2005) , the researchers examined ethnic/ racial differences in performance on cognitive tasks using participants from four waves (1993, 1995, 1998, 2000) of the AHEAD and the Health and Retirement Study (HRS). Results suggested Black and White differences in initial levels, as well as change over time; although Blacks performed more poorly than Whites they had a lower decline over time than Whites. Not addressed in the study was invariance for the cognitive tasks. If invariance does not hold, the interpretation of level and slope differences would be altered. Furthermore, the obtained results regarding growth and change over time may not be valid. If at least strong invariance does not hold across time, then growth models are not interpretable (Widaman, Ferrer, & Conger, 2010) . Thus, further research on the cognitive variables themselves would prove useful in our understanding of any observed group differences or change over time.
One study that has addressed the question of measurement invariance in cognition in older samples was conducted by Jones (2003) , in which multiple-group structural equation modeling was used to examine differential item functioning across Black and White groups using data from the 1993 AHEAD and the 1996 HRS projects. Results of the research suggested a lack of measurement invariance for intelligence as a single factor. Recent research (McArdle, Fisher, & Kadlec, 2007) , however, has suggested that more than a single common factor is needed to account for the intercorrelations among the various cognitive ability variables of the HRS/AHEAD data. Specifically, the immediate and delayed free recall tasks measure an episodic memory factor, whereas a mental status factor composed of the serial 7s, counting backward from 20, naming, and dates tasks. For the immediate and delayed recall tasks, respondents are asked to recall a list of nouns read by an interviewer immediately and after a 5-min delay (Ofstedal et al., 2005) . The list of words was randomly assigned to participants within a time point of data collection and within participants across time. The serial 7s task requires respondents to subtract 7 from 100 across 5 trials. On the counting backward task, individuals count backward from 20 for 10 continuous numbers. For the names task, respondents state the U.S. president and vice president by last name and name two objects (scissors and cactus). Finally, for the dates task, respondents provide the current date (month, day, year and day of week). It is by no means clear that these items mean the same thing in different people measured at different times. Although the question of invariance of these factors across age has been asked and answered in the affirmative (McArdle et al. 2007) , the question of whether these factors are invariant across ethnicity, gender, and time has not been asked.
The issue of cognitive testing among older individuals is an important topic, particularly because individuals in the United States are continuing to live longer and longer. Furthermore, the U.S. ethnic demography is currently changing, where Blacks and Hispanics will outnumber Whites in the near future. This means that Black and Hispanic elderly participants will ultimately outnumber White elderly participants. Increased understanding of cognition across ethnicity, gender, and time in older populations is therefore especially relevant currently. The HRS/AHEAD studies are used extensively in research on cognitive aging, and a fundamental question remains: are the cognitive ability tests in the HRS/AHEAD studies measuring the same abilities in people of different ethnicities, gender, and across time? The aim of this study was to address this question.
Designs for tests of invariance can be understood in terms of the two contrasts. First, there is a contrast between modeling one common factor (described in McDonald, 1999) and modeling multiple common factors (pedagogically described in Horn et al., 1983) . Second is a contrast between multiple groups composed of separate samples of different subjects and multiple groups composed of repeatedmeasures samples of the same subjects. Thus, analyses can be conducted to test the invariance of a one-factor model across separate samples, a multiple-factor model across separate samples, a one-factor model across the same sample, or a multiple-factor model across the same sample.
A principal difference between the multiple-factor model and the single-factor model is that in the multiple-factor model, in notable contrast to the single-factor model, each common factor is estimated in the context of the other common factors. This means that the estimated factor loadings are partial coefficients representing the extent to which an item relates to a common factor independently of the extent to which that item relates to other common factors. In the single-factor model, the extent to which a common factor relates to other common factors is not considered. Invariance can hold under one of these conditions when it does not hold under the other condition.
As noted earlier, the cognitive tests in the HRS data have been found to measure two common factors, episodic memory (marked by two tests) and mental status (marked by four tests). It may be that invariance holds when we examine the factors jointly, but not when the factors are examined separately, or vice versa. The present research will add to the extant body of literature by adducing evidence on whether or not the two-factor structure and the mental status factor in the HRS data are invariant across ethnicity, gender, and time. Because the episodic memory factor contained only two tests, we were unable to assess the invariance of that factor separately.
The HRS data set is an excellent source for addressing the issue of invariance in cognitive abilities among older individuals. Briefly, the HRS and AHEAD studies began in 1992 and 1993, respectively, and in 1998 were combined into one study that attempts to be nationally representative of Americans more than 50 years of age. The studies use a panel design in which the same respondents are interviewed every 2 years, and new respondents are added to the sample every 6 years to replenish the sample to adjust for aging and attrition (see Heeringa & Connor, 1996; Leacock, 2006;  http://hrsonline.isr.umich.edu). The sample size exceeds 17,000 families (30,000 individuals), and the sample is ethnically diverse, with the largest ethnic groups in the sample being Blacks and Whites. The power for examining ethnic, gender, and time differences using this sample is large. Thus, the HRS/AHEAD studies provide an excellent source of data for examining invariance in the measurement of cognitive ability in the elderly U.S. population.
Method

Participants in HRS/AHEAD
The HRS is a nationally representative longitudinal study sponsored by the National Institute on Aging and conducted by the University of Michigan. Others can access this publicly available data set (http://hrsonline.isr.umich.edu/). The baseline sample comprised community-dwelling adults in the contiguous United States who were 51-61 years old in 1992. Blacks, Hispanics, and Florida residents were oversampled (for details, see Heeringa & Connor, 1996) . In 1993 and 1995, the AHEAD study was conducted among a national sample of adults aged 70 or older. In 1998, the HRS and AHEAD studies merged, both assuming the name HRS, and two new cohorts were added. More information of the HRS sample and collection is provided in McArdle et al. (2007) . The present analyses used data from Waves 1 (1992) through 10 (2010).
Participants in Current Study
Analyses were conducted using the imputed cognitive data set created by Fisher, Hassan, Rodgers, and Weir (2012) . From this initial data set, we selected participants in a manner similar to McArdle et al. (2007) , with the difference that only those who self-reported as Black (n = 3061), White (n = 13308), or Hispanic (n = 1544) were selected. Specifically, we eliminated any person who (a) was not a primary respondent, (b) had no data on gender or age, (c) had a sampling weight of zero, or (d) was younger than 50 years; cases in which there were two persons per family, we randomly picked only one member of the them; statistical information of the resulting subset of data is described in Table 1 for the total sample. The demographic variables presented in this table include (a) chronological age at baseline testing, (b) years of formal education, (c) gender, (d) birth year (cohort), (e) number of waves of participation, (f) whether the participant was one member of a couple, and (g) whether the individual was still a participant in the most recent 2010 testing.
Measures
The cognitive tests measuring episodic memory and mental status were used, and these are outlined by McArdle et al. (2007) , with more detailed descriptions in Brandt, Spencer and Folstein (1988) , Ofstedal, Fisher, and Herzog (2005) , and Fisher et al. (2012) . Specifically, immediate and delayed free recall served as indicators of episodic memory, and serial 7s, counting backward from 20, naming the U.S. president and vice president by last name, naming two objects (scissors and cactus), and providing the date (month, day, year, and day of week) served as indicators of mental status. To provide comparability across all scales, and to simplify measurement for further statistical analysis, we scaled each variable into a percent correct score (i.e., based on division by the maximum score and multiplication by 100).
Data Analyses
Analyses were conducted using SPSS version 20 and Mplus 6.0 (Muthén & Muthén, 1998 -2010 . Descriptive analyses included examination of means, variances, skewness, and kurtosis. Substantive analyses included (a) confirmatory factor analyses conducted to examine the fit of the two-factor model and the mental status factor to each ethnic and gender group and to test the measurement invariance of the two-factor structure and the mental status factor across ethnicity and gender and (b) multilevel models to evaluate longitudinal invariance of the two-factor structure and the mental status factor across time.
Confirmatory Factor Analyses
Single Group Analyses.-We fit the two-factor model and the mental status factor separately to each ethnic and gender subgroup. For the two-factor model, the first factor was marked by two continuous variables (immediate recall and delayed recall), whereas the second factor was marked by four categorical variables (serial 7s, backward counting, dates, and names). The analyses of the mental status factor focused only on the tests in Factor 2. Weighted least squares with mean and variance adjusted estimation was used to account for the skewed categorical variables. Delta parameterization was employed so that scale factors could be modeled for the categorical variables. Factors were identified by fixing the loadings for immediate recall and serial 7s at unity.
Multiple-Group Analyses.-These analyses were conducted separately for ethnicity and gender and for the twofactor model and the mental status factor. In invariance analyses of continuous data, parameters that can be estimated include factor loadings, manifest variable intercepts, and manifest variable residuals. For categorical variables, parameters include thresholds rather than manifest variable intercepts, and scale factors are used in the estimation of residuals (Sass, 2011) . To test for configural invariance, the manifest variable intercepts/thresholds, residual variances, and factor loadings were freely estimated for all groups; factor means were fixed at zero; the scaling variable was fixed at unity for identification of the categorical variables (Muthén & Muthén, 1998 -2012 . To test for weak invariance, loadings were constrained to be equal across groups for all indicators, with all other aspects of the model specified as described for the configural model. For strong invariance, manifest variable intercepts/thresholds were constrained to be equal across groups; factor means were fixed at zero in the first group and freely estimated in the remaining groups; and for the categorical indicators, the scaling variable was fixed at unity in the first group and freely estimated in the remaining groups. Finally, for strict invariance, manifest variable residuals were constrained to be equal across groups and the scaling variable was fixed at unity for all groups for the continuous indicators.
Goodness-of-fit indices were used to make decisions about the accuracy of the models. More specifically, overall χ 2 is routinely presented, and we also rely on the root mean square error of approximation (RMSEA; Browne & Cudeck, 1993; Steiger & Lind, 1980) and Comparative Fit Index (CFI; Bentler, 1990) for the assessment of good fit. As a thumb rule, RMSEA values smaller than 0.10 (Browne & Cudeck, 1993) and CFI values greater than 0.95 (Hu & Bentler, 1999) were considered favorable although CFI values greater than 0.90 are tenable (Bentler, 1990) and is still a widely used cutoff (Van Lieshout, Cleverley, Jenkins, & Georgiades, 2011) . Delta CFI (Cheung & Rensvold, 2002) , which has been found to be more powerful in detecting lack of invariance in large sample sizes (Meade, Johnson, & Braddy, 2008) , was used to interpret which step of measurement was most tenable for the data. Delta CFI was computed between the two most proximal models (e.g., configural vs. weak; weak vs. strong). The suggested cutoff value of 0.002 was used for interpretation, with values greater than 0.002 indicating poorer fit.
Multilevel Models.-Invariance across time can be modeled using a multilevel framework (as in McArdle et al., 2007) or using cross-time invariance constraints placed within a single-level model (Horn & Meredith, 2001; Widaman, Ferrer, & Conger, 2010) . The single-level crosstime model can be likened to a multiple-group approach in which invariance constraints are placed across groups; the difference is that constraints are placed across time. We attempted to model the data using the single-level framework, fitted to the cross-time data. However, results were inadmissible (i.e., estimated matrices that were not positive definite) regardless of whether all the time points were included in the analyses or a subset of time points were modeled. Specifically, estimated correlations between factors across time were greater than 1.0. Although the correlation of a factor with itself across occasions is an indicator of invariance (Meredith & Horn, 2001) , the inadmissible results precluded further analyses using the single-level approach. Therefore, longitudinal factorial invariance across time (year of assessment) was conducted using a multilevel modeling approach by fitting models to the between-and within-covariance matrices among the cognitive measures (McArdle et al., 2007) . Under this approach, time is nested within individuals; time is at Level 1 and the individual is Level 2. This approach is similar to modeling students within classrooms (Muthén, 1991) . Under a multilevel approach, the parameters that can be estimated include factor loadings and manifest variable residuals at the within and between levels and manifest intercepts at the between-group level (Kim, Kwok, & Yoon, 2012) . Different tests of invariance can be conducted by freeing or restricting these parameters.
To test for configural invariance, the factor loadings, manifest variable residuals, and the manifest intercepts are all free to vary at the relevant levels. For weak invariance, the factor loadings are restricted. Although strong invariance cannot be modeled because manifest intercepts at the within level cannot be estimated, a form of strict invariance can be tested by restricting the residuals variances to be the same for the within and between matrices. Hence, three models were fit to the data: a configural model, a weak invariance model, and a model with loadings and residual variances the same for the within and between matrices (referred to here loosely as strict invariance).
Because of the size of these analyses, models in which category thresholds were estimated failed to converge. Therefore, we did not estimate category thresholds for the categorical variables, as was done in the confirmatory factor analyses. That is, all variables were treated as continuous in the analyses testing invariance across time, and maximum likelihood estimation with robust standard errors was used (Muthén & Muthén, 1998 -2012 .
Results
Descriptive Analyses
Summary statistics on all cognitive data are presented in Table 2 for the total sample, by ethnicity and gender. Correlations among the cognitive variables are in Table 3 . Notes. This subsample was selected so there would be only one person per family, and respondent-level sampling weights were used to adjust to a U.S. national norm. IR = immediate recall; DR = delayed recall; S7 = serial 7s; BC = backward counting; DA = dates; NA = names; Educ = years of education; SD = standard deviation. Different subscripts in each column indicate significant differences at p < .05, within gender and ethnicity. This information is based on the six cognitive variables at the first time of testing, or the first time they had all six tests. Results demonstrate that the Black and Hispanic participants were younger and had fewer years of education in comparison with the White participants. On average, the Hispanic participants were the youngest and also had the fewest years of education. Female participants were older on average, and had fewer years of education.
Results also show that immediate Recall had averages near 50% for each ethnic group and gender, but, and not surprisingly, the Delayed Recall scale was somewhat harder across all groups. The Serial 7s test appeared easier for the White participants in contrast to the Black and Hispanic participants, and the other three subscales, Backward Counting, Dates, and Names, had nearly 80%-90% correct response rate for each ethnic group. In general, the pattern of results for the White sample is similar to the total sample results reported by McArdle et al. (2007) . However, the present results also show that means for the Black and Hispanic groups were significantly lower than that of White group for all of the cognitive tests. Finally, female participants scored significantly higher on the tests of memory and the Dates test compared with the male participants. Nevertheless, these mean differences are meaningless without evidence that we are measuring the same thing across the different groups.
Confirmatory Factor Analyses
Single Group Analyses.-First, we tested whether the two-factor structure identified by McArdle et al. (2007) fits each ethnic and gender subsample. The model fit all of the subgroups well, with RMSEAs of 0.000-0.019 and CFIs of 0.998-1.000 (see Table 4 ). When examined separately, the mental status factor also fit each subgroup well (see Table 4 ).
Multiple-Group Analyses.-Invariance Across Ethnicity.
Four models were tested separately for the two-factor model and for the mental status factor-configural, weak, strong, and strict invariance models. Given the large sample size for this study, the fit indices together with theoretical considerations were used to determine model fit (Widaman & Reise, 1997) . Results of the model fits are shown in Table 5 . For the two-factor model, delta CFI between the configural and weak models was at the prescribed level, indicating that invariance of factor loadings across ethnic groups is tenable. However, there was a significant CFI difference between the weak and strong models, as well as the strong and strict models. These results suggest greater lack of fit when constraining the intercepts and manifest variable residuals to be invariant across ethnic groups (Meade et al., 2008) . Nevertheless, the practical fit indices indicate good fit of the strong and strict invariance models to the data. Standardized parameter estimates for the configural and strict invariance model are presented in Table 6 . Because loss in fit was noted in moving from the weak to the strong invariance model based on the delta CFI test, we conducted follow-up tests of partial invariance (Byrne et al., 1989) to determine if some tests met strong invariance. Specifically, we imposed equality constraints on the manifest intercept for each individual test to examine change in CFI when that intercept was forced to be invariant across groups. Tests that did not lead to a significant change in CFI compared with the weak invariance model were subsequently constrained. Tests that led to significant change in fit remained free to vary. We followed this approach until each individual test was tested. Change in CFI was significant for all tests. However, strong invariance was most plausible for the backward count and dates tests, with CFIs of 0.992 and 0.994, respectively, and least plausible for the serial 7s test, with a CFI of 0.88.
Results for the mental status factor were consistent with those for the two-factor model (see Table 5 ). The weak invariance model was most tenable based on the delta CFI test, but strict invariance was plausible based on the practical fit indices. Follow-up tests of partial invariance indicated strong invariance was more plausible for the backward count and dates tests, with CFIs of 0.988 and 0.989, respectively, but least plausible for serial 7s and names, with CFIs of 0.537 and 0.792, respectively.
Invariance Across Gender
Configural, weak, strong, and strict invariance models were fitted to the two-factor model and the mental status factor. For the two-factor model, although strong invariance may be most reasonable based on the delta CFI test Notes. RMSEA = root mean square error of approximation; CI = confidence interval; CFI = Comparative Fit Index.
(as can be seen in Table 7 ), practical fit indices indicate good fit of the highest form of invariance, strict invariance, to the data. Standardized parameter estimates for the configural and strict invariance models are presented in Table 8 . Because loss in fit was noted in moving from the strong to the strict invariance model based on the delta CFI test, we conducted follow-up tests of partial invariance (Byrne et al., 1989) to determine if some tests met a test of strict invariance. We imposed equality constraints on the manifest residuals for each individual test to examine change in CFI when the item residuals were forced to be invariant across groups. Tests that did not lead to a significant change in CFI compared with the strong invariance model were subsequently constrained. Tests that lead to significant change in fit remained free to vary. We followed this approach until each individual component was tested. Results indicated partial strict invariance for the backward count and the names tests, with CFIs of 0.995 and 0.994, respectively. The lowest obtained CFI was 0.987 (dates test).
When the mental status factor was considered separately, results indicated weak invariance based on the delta CFI test although practical indices (RMSEA) again supported strict invariance (see Table 7 ). Partial strong invariance held for the backward count and the names tests, with CFIs of 0.998 and 0.997, respectively. The serial 7s test had the lowest CFI (0.899).
Multilevel Models
Invariance Across Time.-Results are shown in Table 9 . For the two-factor model, configural invariance fit better than weak or strict invariance. However, the practical fit indices indicate that weak invariance across time is tenable for these data, but the additional requirements of strict invariance are not reasonable. These results are consistent for the mental status factor (see Table 9 ).
For the two-factor model, tests of partial weak invariance held for the delayed recall and backward count tests, with CFIs of 0.996 and 0.995, respectively. CFIs for all tests were greater than 0.90. For the mental status factor, partial weak invariance did not hold for any of the tests based on delta CFI; however, CFIs were greater than 0.90 for all tests.
Discussion
Measurement invariance provides an indication of the extent to which we can say that we are measuring the same thing across different groups. With recent advances particularly in computer technology, hypotheses of invariance can readily be tested. The issue of invariance is especially relevant in cognitive aging research, given analyses of group differences that are often done across gender and ethnicity and, even more pertinently, research on changes in cognition over time. The purpose of the present research was thus to test the invariance of major cognitive ability factors across ethnicity, gender, and time, using data from the HRS/ AHEAD studies, which is ideal given extensive use of these data in aging research.
Results of the research indicated that the weak forms of invariance across ethnicity may be more plausible than the stronger forms of invariance based on the more stringent delta CFI tests. However, based on more practical fit indices, a strict form of invariance across ethnicity is reasonable for the twofactor model and the mental status factor. Hence, when conducting analyses across ethnicity, researchers can examine the two factors jointly, or consider the mental status factor separately, without loss of invariance information. These results also indicate that comparisons across ethnicity can be made of the variances and covariances among the latent variables (Bontempo & Hofer, 2007; Gregorich, 2006; McArdle, 2010; McArdle et al., 2011; Widaman & Reise, 1997) , whereas any such comparisons of the latent means or observed means, covariances, and variances should be done cautiously. Mean differences that were observed in the present research indicate that White participants score higher on all of the cognitive tests in comparison with Black and White participants, consistent with findings in previous investigations. The present results indicate that these mean differences are for variables that are measured in the same way across groups.
With regard to gender invariance, results differed for the two-factor model versus the mental status factor model. Specifically, for the two-factor model, strong invariance held based on all measures of fit, whereas strict invariance was tenable based on the practical indices. In the face of this evidence, the conclusions one can draw regarding mean differences in the manifest variables across gender for these data are more robust than those one can draw regarding mean differences across ethnicity. However, when we examined the mental status factor separately, only weak invariance was found to hold across gender, suggesting that when considering gender differences, it may be best to model both factors jointly rather than separately to achieve a higher form of invariance for tests of subsequent hypotheses. Finally, when invariance across time was tested using a multilevel approach, results supported only configural invariance. At best, only weak invariance across time was found, indicating that comparisons are meaningful only for factor variances and covariances, but not latent means or observed variances, covariances, and means (Gregorich, 2006; Widaman & Reise, 1997) . However, using a single-level cross-time approach, estimated correlations between factors across time exceeded unity, suggesting some consistency in measurement across time (Meredith & Horn, 2001 ). These results appear contradictory, and further research is needed to tease apart how to best model the HRS data for longitudinal analyses. Such research could come in the form of simulation studies for which the level of invariance in the population is known. It has been argued that perhaps strong invariance is all that is necessary for meaningful comparisons in latent means across groups (Widaman & Reise, 1997) . Moreover, if full invariance, that is, invariance for all components across groups, does not hold, then tests of partial invariance can be employed to build a set of measures for which invariance does hold (Byrne et al., 1989) . Therefore, in addition to testing for full invariance in this study, we also tested partial invariance, that is, invariance of some components but not others. Results consistently revealed the backward count test as meeting the requirements for weak invariance (time invariance) or strong invariance (ethnicity and gender invariance) based on the delta CFI test. Thus, of the six cognitive ability measures examined in this study, the finding of weak invariance for the backward count test across time indicates that individuals tended to interpret this test in the same way across time. The finding of strong invariance across ethnicity and gender indicates that meaningful comparisons can be made across latent mean structures across ethnicity and gender for this test.
There are several reasons why higher levels of full invariance may have failed to hold in this study. Foremost, it may be that there are indeed true differences between the groups or across time. A second reason that invariance may fail to hold is misspecification of the model (Meredith, 1964) . As there are only two indicators for the episodic memory factor and four indicators for the mental status factor, these may not be enough to fully define each factor. As illustrated in the analyses of gender invariance, a certain level of invariance may hold when some items are included in an analysis but not when other items are included. The current set of cognitive ability tests in the HRS data set may be an inherent weakness, and it may be advisable in future assessments to include additional tests to assess the full breadth of the memory and mental status factors. Current work is being done to address this issue (e.g., Cognition and Aging in the USA Study, McArdle, PI).
Finally, there is the issue of practical versus statistical significance. This issue is one that often arises in psychology research. More specifically, an analysis of data can result in a finding that by statistical standards is significant but by practical standards is not. This was illustrated in the present analyses with the results of invariance across ethnicity and gender. Based on the delta CFI test, strict invariance is not statistically tenable. However, the remaining fitness indices indicate that strict invariance across these groupings is tenable. According to McDonald (1999) , the focus should be on understanding the amount of the difference between groups, rather than the technical significance (p. 333). For the present analyses, the difference in CFI may not be large enough to discount strict invariance across gender and ethnicity.
However, there are several restrictions of this study that should be noted. First, only two aspects of cognition were examined, namely, memory and mental status, using a specific set of cognitive indicators. Evidence of invariance (or lack of invariance) says nothing about whether we are measuring the full range of cognition in the different groups. Future research should consider invariance across ethnicity, gender, and time in older samples for a broader range of cognitive ability variables. In particular, it could be the case that there are aspects of cognition in older ages for which strict invariance across time is indeed plausible. An additional restriction of this research is that we were unable to model category thresholds for the time invariance analyses. As such, the results of the analyses of invariance across time are not directly comparable with those testing invariance across ethnicity and gender. Additionally, because we used a multilevel approach to the analyses of invariance across time, tests of strong invariance were not conducted, which seemingly limits conclusions that can be drawn regarding time invariance of these data. However, that weak invariance did not hold across time may render this potential limitation a moot point; strong invariance may not have held had we been able to test the strong invariance model. Nevertheless, the results of this research indicate that further research is needed particularly to examine the use of the HRS cognitive data set across time.
Despite these limitations, the present research is a step toward not only furthering our understanding of invariance across time but in enhancing our understanding about ethnic and gender similarities and differences in cognition among older adults as well. Little attention has been paid to issues of measurement invariance in aging research. This paper thus has direct relevance to an increasingly aging U.S. population and can serve as an impetus for further research in this area.
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